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OUTLINE
A Historical context - Ensemble Mean basics

A Logistic function to describe

I Control forecast error and its reduction due to
nonlinearities

A Initial value vs saturation related filtering
A Projection of perturbations on control error
A Alternatives to dynamically generated ensembles

A How to choose initial perturbations?



HISTORICAL PERSPECTIVE
A Ensemble Forecasting (EF) emerged along dynamically
based Numerical Weather Prediction - Lewis 2005
I Eady, Thompson, Leith, Lorenz 1965

The proposed procedure chooses a finite ensembla of 1nitial states, rather than the
single observed initial state. Each state within the ensemble resembles the observed state
closely enough so that the differences might be ascribed to errors or inadequacies in obser-
vation, A system of dynamic equations previously deemed to be suitable for forecasting is
then applied to each member of the ensemble, leading to an ensemble of states at any future
time. From an ensemble of future states, the probability of occurrence of any event, or such
statistics as the ensemble mean and ensemble standard deviation of any gquantity, may be eva-
luated. Between the near future, when all states within an ensemble will look about alike,
and the very distant future, when two states within an ensemble will show no more resem-
blance than two atmospheric states chosen at random, it is hoped that there will be an ex-
tended range when most of the states in an ensemble,while not constituting good pin~point

forecasts, will possess certain imPortant features in common. It 1s for this extended range
that the procedure may prove useful.

conditions. If distinct régimes are present, however, it may be possible to predict the
régime, with a reasonable probability of success, at a considerably longer range than that
at which one can hope to predict the state within the régime.

a glob of points each of
which would follow its own deterministic path. (E.| - SOITE VAgUENESS
Epstein 2002, personal communication) 6




CONCEPT OF & PRODUCTS FROM EF

A Ensemble of initial states around
inNObservedRkR st at eo
I Best / unperturbed / control analysis

A State estimate
I Control (c) OR Ensemble Mean (em)?

I Initial value, OR full nonlinear saturation related
filtering?

A Error estimate
| Statistical or ensemble spread?

A Probabilistic forecasts
I Statistical or ensemble derived?



THRUST OF TALK

A Critical review of some basic questions about EF
I Being long in field one may take things granted
I Some NWP scientists instinctively question logic behind EF
- Pose & probe questions
A EF works - ensemble mean, spread, probabilities used
Look behind curtain

A N times higher cost than single forecast
I Or must compromise quality by degrading model used

A Any opportunities for alternatives?
I Distinguish between
AEnd goal i eg, probabilistic products i we need this, vs
AMeans i eg, ensemble or other (statistical?) methods
I Need one of these, there are methods other than ensemble
I Consider performance & cost of alternatives
A Pros & cons for EF

Focus on state estimate T assess ensemble mean




ENSEMBLE MEAN (EM) BASICS

A Definition T Arithmetic mean of members

A Characteristics
I Filters out progressively larger unpredictable scales - Lorenz 1965; TK97

A Unrealizable / unrealistic fields i challenging to use
I Improves skill in retained scales? i Toth & Kalnay 1997
A Not assessed thoroughly

A Reference for assessing performance
I Error in control described by logistic function

A Parametric modelling of error in EM vs control -
I Initial error variance in control i Rms(C-Reality)
I Perturbation variance - Rms(P-C)
I Fraction of perturbation projecting on control errori F(P:(C-R))
I Number of ensemble members - n

i Leadtime - It L(IFJJ) =|D ¥r =|) ni TAE :i iFF =|
A Metric for impact of EM 7 % difference btw error in control vs EM ~ ©



LOGISTIC RELATIONSHIP

Quasi-exponential growth
due to instabilities Speed - k ‘ | |
) ) Nonlinear saturation due to
Range - L interactions in finite size system
——'_'_—‘_"‘_—-:r
L
@) = ey

The standard logistic function is the logistic function with parameters (k= 1, x, =0, L = 1) which yields

f(z) = 1 +le‘f”

where

« e = the natural logarithm base (also known as Euler's number),
* Xy = the x-value of the sigmoid's midpoint,

« L =the curve's maximum value, and

« k= the steepness of the curve.['!

A Generic relationship widely used in

I Biology, chemistry, geosciences, demography, economics, psychology,
sociology, political science, linguistics, statistics, etc

A Used to describe perturbation or error growth
I In nonlinear systems like the atmosphere (Lorenz 1969)
A We willdescribeer r or in unperturbed fico

I Applied to true error evaluated against reality
AAs opposed to fiperceived erroro eva

I Serves as basic reference 10



ENSEMBLE MEAN VS. SMOOTHING

TABLE 4. The effect of optimal spatial smoothing on the control
and 10-member ensemble mean forecasts for the period 23 May-3
June 1992 with 10%/20% initial perturbations for the Northern and
Southern Hemispheres, respectively. For further details, see text. Toth & Kalnay 1997

Optimal smoothing Ensemble advantage over
Lead et l . | retained
time (~triangular truncation) control retaine
(days) Control Ensemble PAC Percent total
5 T30 T40 0.02 62.5%
7 T25 T35 0.033 63.8%
9 T20 T30 0.042 60.5%

A Control & ens mean progressively filtered w
Increasing lead time to optimize PAC

I Stronger filter at longer leads & for control
A Small sample, non-exhaustive study
A Ensemble retains some advantage in PAC

11



REAL-WORLD EXAMPLE

14-members from NCEP ensemble

How to explain difference between
error in Control vs EM?

SH 500 mb Height
Average For 00Z223JUL2017 — 00ZO6SEP2017
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described by logistic curve

IMPROVED STATE ESTIMATION?

A Control (solid) & perturbed forecast errors (dashed)

A Perturbation assumed to project onto error in control
A Ens mean error reduced due to nonlinear filtering
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A Assesses impact from initial
perturbations that project on
error

A How much of perturbations do
project onto error?

A What is effect of non-projecting
perturbations?

I Not explored yet i How much hurts?

A Effect of full saturation related
filtering ignored

13



ISOLATE INITIAL VALUE RELATED NONLINEAR EFFECT

A Symmetric pair of growing perts centered at control
ARepl ace fishift of | ogistioc

A Differential growth on L N | \5
. ) o7 (t) *

two sides of control - AL Y

Gilmour et al ®1 V. TON e

I Ignore misalignment of pairwise pertsd ue t o A ndérestt

A EM deviates from control due to nonlinearities
() Forsoast (proj & non-proj) I Evaluate expected difference

0s - { oerurbed connected to Initial conditions
Srurbe A Ignore differences in saturated phase

3 ens Mean | A Difference btw control & ens mean
N S { related to
= Control .. :
O o - | I Error in ensemble mean

-perurbed | A Effect depends on whether

e ——— perturbations

Time (day) I Do or do not project on control errof



CHANGE IN CONTROL ERROR DEPENDING ON
o PROJECTION OF PERTS ON ERROR
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IMPACT OF PERFECT PERTURBATIONS

A Assume a pair of perfect perturbations
I Projects 100% on error in control
I Has same amplitude as control error

A Assess % error reduction in ens mean vs control
I In reference to non-dim position on logistic curve

A Maximum error reduction Percent error reduction
around midpoint

A Largest error reduction

for smallest analysis =)
error @
. . @©

I More time for impactto — &
amplify <

=

=

A Impact diminishes as full
saturation approached

I Initial value impact
separated

Analysis & initial pert amplitude

Absolute position on logistic curve
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